In this work we propose two new Vogel-type Inflow Performance Relations (or IPR) correlations for gas condensate reservoir systems. One correlation predicts gas production the other predicts condensate production. These correlations link reservoir rock and fluid properties (dewpoint, temperature, and endpoint relative permeabilities) to the flowrate-pressure performance for the system. The proposed IPR relationships for compositional reservoir systems are based on data from over 3000 compositional reservoir simulation runs with various fluid properties and relative permeability curves. The resulting IPR curves for gas condensate systems are quadratic in nature like the Vogel IPR trends (the Vogel profile generally presumed for the case of a solution gas-drive reservoir system). However in the gas condensate case the coefficients in the quadratic relationship vary significantly depending on the richness of the condensate and the relative permeability. A model to predict these coefficients was developed using an alternating conditional expectation approach (optimal non-parametric regression).
Introduction -Solution Gas-Drive Systems
The first presentation of an inflow performance relationship (or IPR) concept was made by Rawlins and Schellhardt 1 in 1935. In Fig. 1 we provide a reproduction of this figurewhere Rawlins and Schellhardt used this plot to illustrate the effect of liquid loading on production performance. In 1954 Gilbert 2 introduced the concept of an "inflow performance relationship" (or IPR) for the purpose of optimizing producing rates and flowing bottomhole pressures. In Fig. 2 we reproduce Gilbert's IPR diagram for orientation.
In 1968 Vogel
3 established an empirical relationship based on reservoir simulation results for a solution gas-drive reservoir. Vogel used twenty-one reservoir data sets to generate a broad suite of cases. In this work Vogel noted that the shape of the pressure (p wf ) versus production (q o ) curves were very similar at various values of cumulative oil production. As such, Vogel defined the dimensionless inflow performance curve by dividing the pressures and flowrates at each point by the
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New Perspectives on Vogel Type IPR Models for Gas Condensate and SolutionGas Drive Systems R.A. Archer, University of Auckland, Y. Del Castillo, and T.A. Blasingame, Texas A&M University intercepts on the respective x and y-axes (i.e., the average reservoir pressure on the y-axis and the maximum oil flowrate on the x-axis). In performing this work, Vogel elected to produce a "reference curve" that is an average of the various depletion cases for a given reservoir scenario. Vogel recognized that the liquid (oil), gas (dry gas), and solution gas drive cases have distinct behavior trends and was simply trying to produce a mechanism for predicting production performance with a relatively simple result. In Fig. 3a we present the Vogel plot illustrating the liquid (oil), gas (dry gas), and solution gas-drive cases. The "Vogel correlation" for IPR behavior in a solution gasdrive system is given by: In Fig. 3b we reproduce the Vogel plot illustrating the IPR behavior for solution-gas drive systems at various stages of depletion -the "reference curve" is the Vogel correlation. For wells producing below the bubblepoint pressure, Fetkovich 4 derived the following generalized IPR equation using pseudosteady-state theory and a presumed linear relationship for the liquid (oil) or gas mobility functions (i.e., Fetkovich considered the oil phase for a solution gas-drive system -but this concept has also been extended to the gas phase. The most important aspect of Fig. 4 is the presumed linearity of the mobility function for pressures below the bubblepoint.
Richardson and Shaw 5 presented a generalized inflow performance relationship for solution gas reservoirs as a function of the parameter, ν. For the Vogel case ν=0.2, and Richardson and Shaw propose that the ν-parameter be optimized for a given case. Richardson and Shaw provide an interesting schematic plot to illustrate the behavior of the IPR function above and below the bubblepoint pressure (see Fig. 5 for a reproduction of this schematic plot). Particular to this work, Richardson and Shaw discuss procedures for testing wells where the objective is to use production data to solve for the ν-parameter directly -for example, using a two or three-rate test.
The "general" IPR model presented by Richardson and Shaw is given as: We will note in advance that we will use the formulation given by Eq. 3 to derive our new IPR models for gas and condensate behavior in gas condensate reservoir systems.
Another attempt to quantify the IPR behavior for solution gasdrive systems was presented by Wiggins, et. al. 6 Where the a 1 , a 2 , a 3 , ... a n coefficients are determined based on the mobility function and its derivatives at the average reservoir pressure ( p ). This is a relatively impractical approach because of the derivatives involved -but, we must recognize that the IPR behavior can be related to fundamental flow theories.
As an aside, Wiggins, et al. (ref. 6 ) also present plots of oil mobility as functions of pressure (taken at various flowrates) as a means of calibrating their proposed IPR model (i.e., Eq. 6). The purpose of presenting these mobility-pressure profiles was to establish the "stability" of the mobility profile for a give depletion level -which would confirm the use of an IPR model based on a "snapshot" of reservoir performance. An example mobility-pressure profile taken from the Wiggins, et. al. reference is shown in Fig. 6 . We will comment that the "double-linear" trend illustrated in Fig. 6 is consistent with other work produced for solution gas drive systems, and is somewhat in dispute with the model proposed by Fetkovich (see Fig. 4 ).
Introduction -Gas Condensate Systems
In this section we discuss methods to represent IPR behavior for gas condensate reservoir systems. Analogs and references to the solution gas-drive system are common for the case of a gas condensate system, but our goal is to isolate the important factors/elements that must be addressed in order to correlate IPR behavior for gas condensate reservoir systems.
Inflow performance relationships have been considered for gas-condensate reservoir systems by several authors. The case of a gas condensate reservoir is more complex because of the evolution of the condensate bank as the reservoir is depleted. 
Fevang and Whitson
9 presented a gas-rate flow equation for gas condensate systems, which employs a pseudopressure function (in terms conventional formation volume factors and gas-oil-ratios) as a mechanism to account for the effect of condensate banking. This result is given by:
[ ] dp B Region 1: An inner, near-wellbore region where both gas and oil flow simultaneously (at different velocities). Region 2: A region of condensate "buildup" where only gas is flowing. Region 3: A region containing single-phase (original) reservoir gas.
The producing GOR, PVT properties, and gas-oil relative permeabilities are required in order to calculate the pseudopressure function (Eq. 5). While Eq. 5 is straightforwardi.e., an integral in terms of pressure and saturation-dependent functions, these functions can not be known accurately in advance -which renders Eq. 5 as a possible analysis relation, but not a predictive (or modelling) relation.
It is worthy to note that Fevang and Whitson (ref.
3) comment that critical oil saturation (S oc ) has no effect on gas condensate well deliverability. While it is not our intention to dispute this comment, we will note that our work has addressed the influence of the following parameters on gas condensate well deliverability: relative permeability, fluid composition, dewpoint pressure, reservoir temperature, S oc , and S gr .
In this work, we provide a simple methodology to estimate IPR functions for wells in gas-condensate reservoir systemswithout the requirement of gas-oil ratio and saturation profiles in the reservoir as a function of pressure. The new IPR approach will be developed using a large database of compositional reservoir simulation cases. We use the form of the Richardson and Shaw model, 5 but the parameter ν will vary depending on the various properties of a given reservoir fluid (as noted by the group of parameters we have identified as influential in the case of gas condensate reservoir systems (see above)).
Method -Correlation of IPR Behavior for Gas Condensate Reservoir Systems
In this study we use compositional reservoir simulation as the mechanism to perform numerical experiments in order to characterize the IPR behavior for gas and condensate liquid performance. This section outlines the construction of the numerical model in terms of gridding and the selection of relative permeability profiles and reservoir fluid properties.
Model Construction
A 1-D radial grid is used for the simulation model since our main purpose is to evaluate the productivity of a single well in a gas condensate reservoir system. Bottomhole pressures and production rates are of critical importance for IPR correlations -and as such, we used fine grid cells near the wellbore to properly represent the well productivity losses due to the build up of condensate near the well, while maintaining coarser grids for the remainder of the reservoir.
Malachowski et al.
10 concluded that fine grids should be used for gas condensate reservoir simulation or the predicted condensate saturation near the wellbore will be underestimated. As is customary, the sizing of the radial grid cell sizes follows a logarithmic distribution with the ratio between two consecutive cell sizes being 1.47. The maximum cell size is 500 ft.
The most convenient (and arguably the most appropriate) production constraint is that of a constant bottomhole pressure. A small initial time step is used to address the onset of condensate banking. A typical simulation is conducted for approximately 120 years in order to assess the effect of condensate banking on ultimate recovery.
The grid cells have a uniform thickness of 30 ft and the reservoir model is considered homogeneous and isotropicwith an absolute permeability of 5 md and a porosity of 20 percent. The simulation model was initialized from an initial pressure equal to the dewpoint pressure of the selected reservoir fluid -which means that initially, the only fluid in the reservoir is gas, as the water saturation is set to zero.
Relative Permeability Curves
Seven (7) different sets of relative permeability curves are used in this study in order to assess the influence of relative permeability on the IPR character for gas condensate systems. Corey-type relative permeability curves as well as other relative permeability curves are use to address a spectrum of relative permeability behavior. The seven sets of curves are shown in Figs. 7 and 8. The relative permeability curves have different endpoint saturations and different shapes. A set of "straight line" relative permeability curves are included as an "extreme" case (Data Set 5). Data Set 4 is designed to represent an "abrupt" change in oil relative permeability and is taken from another study of gas condensate reservoir systems. It could be argued that we could have considered more cases of relative permeability behavior -however, we believe that this set of relative permeability cases represents an appropriate suite of cases that would typically be encountered in practice.
Reservoir Fluids
In this work we considered six (6) reservoir fluid samplesfour (4) of these samples were synthetic fluids and the remaining two samples were taken from studies for the Cusiana and Cupiagua gas condensate fields in Colombia (South America). The composition of the synthetic fluids is shown in Table 1 and we note that these four fluids have varying degrees of richness. Tables A-1 and A-2 describe the Cusiana fluid sample and are provided in the Appendix of this paper. The sample composition for "Fluid 5" is detailed in The final reservoir fluid considered was based on a sample from the Cupiagua field ("Fluid 6"). This fluid composition is given in Table A-4. Similar to the fluid sample from Cusiana field, data from a constant composition expansion experiment were used to tune a Peng-Robinson EOS model. The pseudocomponents used to represent this fluid in the compositional simulation cases are given in Table A-5 . Additional detail and discussion of the fluid characterization for this sample is given by Guerra. 14 
Assumptions Used in the Simulation Model
The following assumptions are used in the development and execution of the reservoir simulation models for this case:
Interfacial tension effects and non-Darcy flow effects are not considered. Capillary pressure effects are not considered. Near wellbore effects (saturation, pressure, and mobility) are accurately represented by a refined grid. Phase equilibrium is accurately calculated by the EOS. A reduced permeability zone (skin) is not considered. Gravitational segregation of the condensate is not considered. No compositional gradients are considered.
Strategies for the Development of the IPR Database
We first validated the simulation model and considered the following parameters/functions (or combination of parameters/ functions) in order to generate the IPR database:
Reservoir Temperature: T = 230, 260, 300 Deg F Critical Oil Saturation: S oc = 0, 0.1, 0.3 Residual Gas Saturation: S gr = 0, 0.15, 0.5 Relative Permeability: 7 sets of k ro -k rg data Fluid Samples: 4 synthetic cases, 2 field samples We note that temperature is the primary control variable for dewpoint pressure (i.e., a change in temperature yields a change in dewpoint pressure). For each case (i.e., a particular combination of the parameter/functions considered), 30 to 45 simulation scenarios were conducted using constant (but different) bottomhole pressures. Each simulation was begun at the dewpoint pressure of the fluid at the conditions selectedwith our purpose being to evaluate only the phase behavior of the condensate fluid in the two-phase region, where gas condensate and gas coexist together while encountering significant changes in composition.
The maximum gas (G) and condensate (N) volumes were determined for each simulated case (with respect to the separator conditions) in order to evaluate the recovery of these fluids. For all cases the pressure of the separator was set to a pressure of 14.7 psia and a temperature to 60 deg F.
Condensate (liquid) and gas production rates were recorded at eight selected "stages" of cumulative condensate (liquid) and cumulative gas production (i.e., gas or condensate "depletion ratios" -and in turn, these data were tabulated as a function of bottomhole flowing pressure. The deliverability curves for condensate (liquid) and dry gas were constructed as follows: p wf versus q o for a given cumulative oil production (N p ) p wf versus q g for a given cumulative gas production (G p )
IPR Calibration (regression to obtain IPR trends)
Using the results from the database described above, we conducted a simultaneous regression of the data for all of the depletion stages for a particular case in order to estimate the average reservoir pressure and the maximum condensate or gas rate for each depletion stage. In this work we always consider 8 (eight) depletion stages per case (see Table 2 ). Our regression work also solves for the ν-parameter for a particular case (for clarity we note that ν o and ν g are solved independently for a given case). In our regression formulation we define the following variables: (p wf is constant for a given simulation)... (7) We cast the optimization problem into the following double summation form, where the SOLVER algorithm in MS Excel 15 is used to minimize the "residual function," J θ for a particular phase: . (8) We note that the 8 (eight) term in Eq. 8 is the number of depletion stages considered for a given condensate or gas scenario -we have chosen to always use 8 depletion stages, regardless of the scenario (condensate or dry gas). The (n) p wf variable is total number of simulations per case (i.e., the number of individual p wf runs per case) -generally this number is between 30 and 45, depending on the reservoir pressure at a given time.
We comment that we have cast this problem into an "absolute error" form, as opposed to the typical "least squares" formulation. This is relevant -the SOLVER algorithm is completely general, and we believe that this form yields better results than the least squares formulation -for this problem.
Results -IPR Trends and Correlations for Gas Condensate Systems

Base IPR Trends
We developed base IPR trends for each gas and gas condensate dataset (within a particular case) using the regression procedure described in the previous section (there are a total of 62 cases).
After the simulation of each case, the rate and pressure results are plotted as "dimensional" IPR curves (i.e., plots of the flowrate of condensate or gas versus the flowing bottomhole pressure). Once the regression procedure has been applied, we then present the "base" IPR curves in a "non-dimensional" (or dimensionless) format -in the same manner as the Vogel IPR function. Examples of "dimensional" and "non-dimensional" IPR trends for gas and gas condensate (Case 16) are shown in Figs. 9-12.
We consider Case 16 to be a "typical" gas condensate case (see Table A -6 for a complete inventory of all cases developed in this work). In Fig. 9 (the dimensional gas IPR plot for Case 16) we note an excellent correlation of the rate and pressure functions (including the extrapolated trends). In Fig. 10 we present the "non-dimensional" (or dimensionless) gas IPR trend for Case 16 -we note good correlation of the "dimensionless" trends, and would comment there is a cluster of points in the low pressure region (probably the least accurate portion of data). We are satisfied that this case is effectively represented by the "Vogel" IPR model, and would suggest that this behavior is "typical" for a gas condensate system.
Figure 11 -Example of a "dimensional" IPR trend (condensate) (Case 16).
The "dimensional" condensate IPR trend for Case 16 is presented in Fig. 11 -we immediately note an excellent correlation of the rate and pressure data with the proposed "Vogel" IPR model. In fact, the correlation for this case is so strong that we could consider the Vogel IPR model to be the general model for condensate (liquid) production performance. Obviously other cases must validate such a suggestion, but we do note that virtually all cases in this work exhibit a similar performance (for the condensate phase) as illustrated in Fig.  11 .
In Fig. 12 we present the "non-dimensional" (or dimensionless) condensate IPR trend for Case 16, as with the dimensional trend (Fig. 11) , the correlation shown in Fig. 12 is extraordinary. One could argue that such correlations might be expected due to the flexible nature of the general Vogel model (Eq. 3) -however, we must recognize that the data in Fig. 12 represents the simultaneous regression of 8 depletion stages (from 30-45 individual simulation cases). Such performance should be considered both relevant and unique -and should further validate the used of the general Vogel model for representing the IPR behavior of gas condensate behavior (gas and liquid phases).
Figure 12 -Example of a "non-dimensional" IPR trend (condensate) (Case 16).
As noted above, the IPR base data (i.e., the ν γ and ν ο parameters as well as the fluid and rock fluid properties) are summarized in Table A-6 for all 62 cases considered in this work.
Global Correlations -IPR Behavior for Gas Condensate Systems
Orientation:
In the previous section we demonstrated that gas condensate behavior can be correlated using the general Vogel model (Eq. 3). This is a significant contribution -however, it is our intention to provide a general or "global" correlation of IPR behavior for gas and condensate production performance. A quick check of Table A-6 confirms the intuitive concept that the parameters (ν γ and ν ο ) are not the same for a particular case. The flow mechanisms and controlling factors are different for the gas and condensate phases and must be accounted for separately. In other words, we must develop separate "global" correlations for the gas and condensate cases.
Initial Efforts -Univariate Plots:
The starting point for a global correlation is to attempt to assess the influence of individual parameters -as well as the influence of groups of parameters. Our approach is systematic in that our first effort is to consider the behavior of the ν γ and ν ο parameters with respect to the oil-in-place/gas-in-place ratio (N/G) and the initial molecular weight of the fluid mixture (M mix,i ) (Figs. 13-16 ). The correlation attempts shown in Figs. 13 and 14 (i.e., ν γ and ν ο versus the oil-in-place/gas-in-place ratio (N/G)) clearly show a "clustered" trend of data -however, we would no consider this to be particularly useful since ν γ and ν ο vary for each fluid sample. This indicates that more variables will be required.
The oil-in-place/gas-in-place ratio (N/G) would not be an ideal variable for correlation as we wish to present a generalized correlation -using (N/G) would be "problematic" in that we would have to have knowledge of this ratio, which in practice we typically do not. Our choice of using (N/G) is more of a validation -we wanted to establish whether or not the (N/G) parameter exerts dominance on the ν γ and ν ο parameters. Figs. 13 and 14 suggest a strong, but not dominant influence. Another "logical" comparison is that of the ν γ and ν ο parameters with the initial molecular weight of the fluid mixture (M mix,i ) -this comparison is shown in Fig. 15 for the gas cases and in Fig. 16 for the gas condensate cases. Before proceeding to the task of multivariate regression we compare the ν γ and ν ο parameters in Figs. 17 and 18 to establish if these parameters are strongly correlated. Intuition suggests that if the ν γ and ν ο parameters are correlated, such a correlation may be coincidental as the ν γ and ν ο parameters were estimated in separate regressions. Regardless, correlation of the ν γ and ν ο parameters would be useful, and upon inspection of Fig. 17 (the Cartesian format plot of ν γ versus ν ο ) we find that an apparent correlation exists (ν γ ≈ 0.20 + ν ο ). While this correlation is fairly weak -we conclude that the correlation may be of sufficient accuracy to predict one variable (e.g., ν γ ) from the other -rather than to generate two separate correlations for ν γ and ν ο .
In Fig. 18 we present the log-log format plot of ν γ versus ν ο . In this plot we note a similar "apparent" correlation of these parameters and we provide an approximate relation to orient the reader to this apparent correlation. We do not advocate using either the linear or power law relations presented on Figs. 17 and 18 (respectively), but we do suggest that these apparent correlations by used to orient future correlations. 
Non-Parametric Multivariate Correlation of ν γ and ν ο
Table A-6 was used as input for a non-parametric algorithm that can be applied to univariate or multivariate datasets. 16 The specific version of the algorithm used in this work is called GRACE (see ref. 16 ) -where the GRACE algorithm is designed to perform a non-parametric regression. GRACE can also be instructed to provide a "parametic" regression by fitting generalized functions (in this case quadratic polynomials) to the non-parametric transform functions generated internally in the GRACE algorithm.
From ref. 16 we have the following description of the functionality of the GRACE algorithm.
"The GRACE algorithm is based on the concept of developing non-parametric transformations of the dependent and independent variables. Moreover, the transformations are constructed pointwise based only on the data. The final result is a maximum correlation between the dependent and multiple independent variables with a minimum error."
In cases where the only difference between runs was a differing set of relative permeability curves, a single representative simulation run was retained. This selection procedure reduced the total number of cases for analysis to 54.
Several combinations of independent variables (e.g., T, p d , S oc , S gr , M mix,i , and the groups C1, C2, C7+.) were used in the GRACE regression of the IPR parameter data. In order to generate a correlation that can be of practical use, we must use the point-wise transform functions constructed by the GRACE algorithm and fit these transform (data) functions with functional forms (such as polynomials). Using quadratic polynomials to represent the individual transform functions, the average error increased (as would be expected) to 12.40 percent. The results from this "parametric" correlation is shown in Fig. 19 . We note that the performance of this form of the correlation degrades at the upper end of the ν o scale. The same set of independent variables were also used in the model of the IPR parameter for gas. The GRACE model achieved an average error of 3.87 percent. When quadratic functions were used to fit the transform functions the average error increased to 4.51 percent. Unlike the model for the liquid case the "parametric" model from GRACE matches the data for all ranges of the ν g parameter. A comparison of the predicted and actual ν g data is given in Fig. 20 .
As an overall comment we will note that the shape of the computed IPR trends is actually quite insensitive to the actual values of ν o and ν g . For example, 25 percent variations in these values causes a relatively small change to the shape of the corresponding IPR trends. We view the models proposed as having definite qualitative value -but we would caution against the use of these models in cases where the values of the independent variables are beyond the ranges of the variables used to develop the proposed models. 
Validation
In order to test the performance of our proposed IPR model we compared the performance of the proposed model to two validation cases. The first case is a synthetic case based on rock, rock-fluid, and fluid properties similar to those cases we constructed to generate the correlations. This approach was used because we were unable to find a suitable field data case in the published literature for which to compare our proposed IPR model. Both gas and condensate performance was compared for this synthetic case.
We did find a single literature case with which we could compare our proposed IPR model -unfortunately, only the gas performance data were available for this case (Xiong, et al. 17 ).
For the synthetic case, sets of gas and condensate IPR curves were developed and correlated to obtain the appropriate ν o and ν g values (along with the q g,max , q o,max , and p avg variables). For the synthetic oil case the ν o was determined to be 0.22, while the GRACE model (using quadratic transform functions) predicted 0.28. For the synthetic gas the ν g estimate was 0.54 while the GRACE model predicted 0.49. These values are arguably a subset of the database used to generate the correlations -we should therefore accept the model estimates as reasonable.
In order to estimate ν g for the Xiong, et al. 17 data it was necessary to fit Eq. 3 to this dataset. Upon regression we obtained an estimate of 0.11 for ν g . In comparison, the GRACE model predicted a ν g estimate of 0.13. We conclude that these (admittedly limited) cases validate the concept and encourage utilization of the proposed IPR model for gas condensate systems. Using the results of the non-parametric correlations, we were able to generate correlations (based on fitting functional approximations to the transform functions generated by the non-parametric regression algorithm) for both the gas and condensate phases. These correlation, while somewhat cumbersome, are considered to be both representative and accurate. 
Summary and Conclusions
